An artificial neural networks (ANNs) approach is presented for the prediction of effective thermal conductivity of porous systems filled with different liquids. ANN models are based on feedforward backpropagation network with training functions: LevenbergeMarquardt (LM), conjugate gradient with FletchereReeves updates (CGF), one-step secant (OSS), conjugates gradient with PowelleBeale restarts (CGB), Broyden, Fletcher, Goldfrab and Shanno (BFGS) quasi-Newton (BFG), conjugates gradient with PolakeRibiere updates (CGP). Training algorithm for neurons and hidden layers for different feedforward backpropagation networks at the uniform threshold function TANSIG-PURELIN are used and run for 1000 epochs. The complex structure encountered in moist porous materials, along with the differences in thermal conductivity of the constituents makes it difficult to predict the effective thermal conductivity accurately. For this reason, artificial neural networks (ANNs) have been utilized in this field. The resultant predictions of effective thermal conductivity (ETC) of moist porous materials by the different models of ANN agree well with the available experimental data.
Introduction
Recently, complex multi-component systems as engineering materials have gained tremendous importance due to their industrial applications. Thermal conductivity is one of the major thermodynamic coefficients in the study of energy transport through complex systems due to its increasing importance in agronomy, geothermal and geo environmental engineering. The thermal conductivity values of complex materials are needed in thermal energy storages devices, weather control, artificial heating and cooling of buildings, in geothermal operations, thermal exchange in heat pumps and energy conservation in buildings. ETC has been investigated extensively using both experimental and theoretical approaches by various scientists in detail. Verma et al. [1] had used Hadley's geometry dependent resistor model to predict effective thermal conductivity of the three-phase systems, and obtained maximum deviation 30.1% and the average deviation 6.4% for calcareous sand stone/air/water system. Using resistor model, the constant of proportionality, B 0 , in Equation tan q ¼ B 0 j 2 Ff 2 ðl s =l f Þ 1=2 , whose value dependents upon the mode of packing of the solid particles and the nature of the system, should be adjusted for various systems to perform estimation. Singh et al. [2] analyzed the effective continuous media approach and developed a model for the prediction of effective thermal conductivity of three-phase/ unsaturated porous materials. The approach has been tested for different types of soils saturated with different liquids having variations in liquid content and temperature. Cosenza et al. [3] investigated the effects of water content and porosity on the thermal conductivity of the soil using numerical approach. Shabbir et al. [4] estimated the effective conductivity of porous rocks in terms of porosity and thermal conductivities of minerals constituents using transient plane source technique. Jiyu et al. [5] calculated the effective thermal conductivity of several porous materials using 2D Lattice-Boltzmann model. Wang et al. [6] predicted the effective thermal conductivity of multi-phase random porous media by three-dimensional mesoscopic method. Zhang et al. [7] developed a randomly mixed model for the prediction of effective thermal conductivity of a multi-phase system, which has been tested on several types of moist porous systems at various porosities and degrees of saturation. Wang et al. [8] developed a mesoscopic numerical tool for predictions of the thermal conductivities for microscale random porous materials. Hu et al. [9] derived a model for the thermal conductivity of unconsolidated porous medium based on capillary pressure saturation relation. Gori and Corasaniti [10] presented a theoretical model for effective thermal conductivity of unsaturated soils at moderately high temperatures by taking into account the special nature of the soil. Abu-Hamdeh et al.
[11] used two methods, viz. the hot wire and the heating cooling, to evaluate thermal conductivities of soils, and studied the effect of bulk density and moisture content on the thermal conductivities. Bakker [12] determined effective thermal properties of porous media through the finite element method. Yang and Nakayama [13] investigated the effects of tortuosity and dispersion on the effective thermal conductivity of fluid-saturated porous media with the help of a volume averaging theory. The concept of fractal technique has also been used time to time to predict the effective thermal conductivity of porous materials by various researchers [14e18]. Most recently, Huai et al. [19] generated several types of fractals based on fractal theory of porous media, and the heat conduction in these structures is simulated using the finite volume method.
Since the early 1990s, artificial neural networks (ANNs) have been of interest for many researchers and they applied it successfully to almost every problem in geotechnical and in thermal engineering. ANNs are thus well suited for modeling the complex behavior of porous materials. In the last few years, many researchers [20e23] used artificial neural network approach to predict thermo-physical coefficients in different areas. Recently, Singh et al. [24] used artificial neural network and adaptive neuro fuzzy inference system in the study of thermal conductivity of rocks through physico-mechanical properties.
In reality, the moist porous materials have been the complex structure. Therefore, it may not be practical to describe all details of the internal structure accurately. As the effective thermal conductivity depends on various characteristics of the material, accounting for all these in order to predict ETC is a complex affair. The complexity of geometry encountered in the porous media, along with the large difference in thermal conductivities of the constituents makes it difficult to predict the effective thermal conductivity. For this reason, we have used artificial neural networks (ANNs) for the prediction of ETC of moist porous materials.
Expressions developed earlier by one of the authors have been used for initial computations of effective thermal conductivity of various multi-phase systems. Their expressions [2] for ETC are given as:
Here l ECM ¼ Pðl s l ma Þ 1=2 and P is the coefficient which depends on the order of phase interaction. l s and l ma are the thermal conductivity of solid soil and moist air respectively. x sa ¼ 0.5 À j s . j s , x s , and x sa denote the volume fraction of solid phase, solid phase dispersion and air phase dispersion in the soil respectively. The values of ETC obtained using these expressions have been taken as input parameters for ANN.
Artificial neural network
Artificial neural networks (ANNs) have been developed as generalizations of mathematical models of biological nervous systems. The basic processing elements of neural networks are artificial neurons, or nodes. In a simplified mathematical model of the neurons, the effects of the synapses are represented by connection weights that modulate the effect of the associated input signals, and the non-linear characteristic exhibited by neurons is represented by a transfer function. The neuron impulse is then computed as the weighted sum of the input signals, transformed by the transfer function. The learning capability of an artificial neuron is achieved by adjusting the weights in accordance to the chosen learning algorithm. The learning purpose in artificial neural networks is to update weights, so that with presenting set of inputs, desired outputs are obtained. ANN is identified and learns correlated patterns between input data sets and corresponding target values. After training, ANNs are used to predict the outcome of new independent input data. Training is a process that finally results in learning. During this process, the connecting weights between layers are changed until the difference between predicted values and the target (experimental) is reduced to the permissible limit. Weights interpret the memory and knowledge of a network. With the aforementioned conditions, learning process takes place and trained ANN is used for prediction of outputs of new unknown patterns as described by Heristev [25] .
In this paper, we have used various types of artificial neural networks (ANNs). These are based on feedforward backpropagation (FFBP) network with training functions: LevenbergeMarquardt (TRAINLM), conjugate gradient with FletchereReeves updates (TRAINCGF), one-step secant (TRAINOSS), conjugate gradient with PowelleBeale restart (TRAINCGB), BFGS Quasi-Newton (TRAINBFG), conjugate gradient with PolakeRibiere updates (TRAINCGP). Feedforward backpropagation (FFBP) consists of one input layer, one or more hidden layers and an output layer. For learning this network, backpropagation (BP) learning algorithm is used, In the case of BP algorithm, the first output layer weights were updated. A desired value exists for each neuron of output layer. The weight coefficient was updated by this value and learning rules. Backpropagation (BP) algorithm presents suitable results for subsequent problems but for other problems it gives an improper result. This happens because the answer is laying at the smooth part of threshold function. During training the network, calculations were carried out from input of network toward output and error was then propagated to prior layers. Output calculations were conducted layer to layer so that the output of each layer was the input of next one.
Neural network model
Rumelhart et al. [26] presented the neural network model as a three-layer feedforward neural network. Each layer is fully connected to the succeeding layer through the connection weights as shown in Fig. 1 .
The thermal conductivity and volume fractions of the constituents respectively are the input parameters to predict the effective thermal conductivity of moist porous materials, obtained from the cited references. The activation (threshold) functions used for the network are: Fig. 1 . A multi-layered feedforward backpropagation artificial neural network.
(ii) A tangent sigmoid function (TANSIG), which is a non-linear function
The following relation is used for the mean square error E, which can minimize the training error
where O k and T k are the network (actual) and target outputs at kth output unit; N is the number of output neurons. To find a set of weights that minimizes this function, a gradient descent method was implemented. The weight change is proportional to the negative of the derivative of the error with respect to each weight. This can be expressed as
Essentially, the determination of the weight change is a recursive process, which starts with the output units. For a weight that is connected to a unit in the output layer, its change is based on the error of the output unit. It is given by
where w kj is the weight of the connection between the kth and jth unit. d k referred as the error signal in the kth output unit. The output error signals are then back propagated to the units in the hidden layer. The change of the weight in the hidden layer is determined by the relation
In order to increase the speed of the training procedure without any oscillations, the adaptive learning rate and momentum are used during the training process. Equations (7) and (8) (10) where n is the training epoch number, x is the learning rate, and a is the momentum. The momentum allows the previous weight change, which has a continuing influence on the current weight change. The gradient correlation of the present weight error derivatives with the previous weight error derivatives indicates whether the gradient is staying relatively stable or shifting. A negative gradient correlation means that the gradient is changing its direction. According to it, the learning rate and momentum automatically change the number of epochs and kept as large as possible. The following relation is the mean square error which minimized the training error:
where E is the mean square error, S ik is the network output in ith neuron and kth pattern, T ik is the target output at ith neuron and kth pattern; N is the number of output neurons and M is the number of training patterns. Thus, the outputs are determined for each epoch, the mean square error is then calculated and the weights updated till a user specified epoch goal is reached successfully.
Results and discussion
In the present study, all the predictions have been carried out with the thermal conductivity of 1.856 W/m K for calcareous sand stone, 0.0275 W/m K for air, 0.6322 W/m K for water, 3.35 W/m K for dune sand, 2.85 W/m K for brick sand and 0.15 W/m K for tertiary amyl alcohol, respectively. The thermal conductivity of solid soil, air and water, and their volume fractions respectively are the input parameters to estimate effective thermal conductivity of moist porous materials. The input data needed for the development of ANN model were obtained from the literature [1, 2] . Proper selection of the input parameters plays a key role to the ANN approach and can be of help to reach a satisfactory predictive quality. For a given set of inputs to the network, the response to each neuron in the output layer is calculated and compared with the corresponding desired output data. The errors associated with desired output data are adjusted in the way that reduces these errors in each neuron from the output to the input layer. The error minimization process is achieved using different training functions. Neural network programming in MATLAB 7.0.1 software was used in this study. Considering the wide variations in multi-phase systems, and processing conditions makes it difficult to develop an analytical model for prediction of ETC. The most widely applied models are used for ETC prediction with analytical solutions. Although the ANN model is an algorithm approach, we think the idea is simple and computation is not difficult for ETC predictions. The main advantages of the ANN approach are that the predictions do not depend upon empirical parameters and is easy to perform. The artificial neural networks have been provided better results for the prediction of the effective thermal conductivity of multi-phase systems. The resultant predictions of effective thermal conductivity of moist porous materials by the different models of ANN agree well with the available experimental data [1,2].
ANNs approach
In the estimation of effective thermal conductivity of different multi-phase systems we have used six training functions (TRAINLM, TRAINCGF, TRAINOSS, TRAINCGB, TRAINBFG, and TRAINCGP) and feedforward backpropagation (FFBP) network is used for mapping between inputs and outputs patterns. A threelayer feedforward network is created for the prediction of effective thermal conductivity (ETC) of Calcareous sand stone/air/water system at two porosities that are 0.145 and 0.326 with different volume fractions of air and water. The network's input ranges from one to three [1, 3] . The first layer has three TANSIG neurons, and the second layer has one PURELIN neuron at the uniform threshold function TANSIG-PURELIN run for 1000 epochs and third layer is output layer at f ¼ 0.145 for Table 2 . Similarly, the network's input ranges from one to two [1, 2] . The first layer has two TANSIG neurons, and the second layer has one PURELIN neuron at the uniform threshold function TANSIG-PURELIN run for 1000 epochs and third layer is output layer at f ¼ 0.326 for Table 3 .
Similarly, a three-layer feedforward network is created for the prediction of effective thermal conductivity (ETC) of Dune sand/air/ water, Brick sand/air/water and Dune sand/air/tertiary amyl alcohol systems at 20 C. The network's input ranges from one to two [1, 2] . The first layer has two TANSIG neurons, and the second layer has one PURELIN neuron at the uniform threshold function TANSIG-PURELIN run for 1000 epochs and third layer is the output layer. increases, the water will influence the heat conduction significantly.
Figs. 4 and 5 show the variation of predicted and experimental values of ETC for dune sand and brick sand with a fraction of the pore space filled with water. The variation of the predicted and experimental values of effective thermal conductivity for dune sand with variation in the tertiary amyl alcohol content is shown in Fig. 6 . The dispersed phase (liquid) has been varied from zero to saturation. Volume fraction is the total volume fraction of dispersed phase (fluid). The predicated results show good agreement with the experimental results [2] . A study of these Figs. 4e6 also reveals that the effective thermal conductivity values increase with the fraction of pore space filled with liquid, because of the bridging between the solid particles of sand, which plays the leading actor in heat transport mechanism. 
Conclusions
The non-linear response of effective thermal conductivity and the phase interaction have been studied for moist materials using a three-layered feedforward backpropagation neural network that is fully connected to the succeeding layer through the connection weights. The thermal conductivity and volume fractions of air, water, and solid soil respectively are the input parameters and one output has been obtained in the form of ETC of moist porous materials. We have used six training functions (TRAINLM, TRAINCGF, TRAINOSS, TRAINCGB, TRAINBFG, and TRAINCGP) of feedforward backpropagation (FFBP) network in the present study. The resultant predictions of effective thermal conductivity by the different models of ANN agree well with the available experimental data. For the effective thermal conductivity, the fluid phase plays a leading role because its conductivity is between those of the solid and the gas. The interest of this work is addressed to engineering purpose. The different models of ANN exhibit the capability to use the ANNs for future predictions of effective thermal conductivity of various complex structures.
